Abstract: An on-line trained neurofuzzy control scheme is proposed for ship autopilot in narrow water. Due to the large inertia and relatively slow responses of the ship, a single input multi-output control strategy is developed. This specialized learning neurofuzzy controller uses the back-propagation gradient descent method to update the parameters of the network through time. With a relatively modest amount of domain knowledge of the ship behaviour, the designed scheme enables real time control of a simulated nonlinear ship course-keeping and track-keeping under wind and current disturbances. The intelligent control approach is independent of the ship mathematical model.
INTRODUCTION
In order to reduce manning levels and increase ship safety the automatic steering of ships has been a goal of seafarers for many years. By 1980 the autopilot on ships had evolved mainly from the classical course-keeping task [1] . Using directional information taken from a gyrocompass, course-keeping autopilot is able to steer a ship on a predetermined course. Such autopilots are a useful contribution to ship navigation in the open sea. However, in narrow waters the ship navigation task is to follow a specified track between two way points. A ship equipped with a course-keeping autopilot might drift due to the influence of wind and current, so the deviation from a fixed track may incur danger. see Fig.1 The diagram for course-keeping ( β is drift angle) Most course-keeping autopilots are based on conventional Proportional plus Integral plus Derivative (PID) control laws with fixed gain values such as the work of Sheng [2] . Although each gain is adjustable by the user, it requires considerable experience and expertise to achieve the optimum settings. Some researchers have applied intelligent methods to improve performance levels on this aspect of autopilots such as the work of and * This project is sponsored by SRF for ROCS, SEM under Yongqiang Zhuo.
Zhang [3] . The track controller was designed using modern control design techniques such as backstepping control [4] , Kalman filter control [5] , stochastic control [6] .
A common characteristic of all these analytical control strategies is their dependence on a reliable model of the dynamic responses of the manoeuvring ship. Hydrodynamics plays a key role in these systems. However, the mathematical ship models have not been developed to the state that they readily model all ships under all possible sailing states and environmental conditions. The ship dynamics has intrinsic nonlinearities that cannot be neglected in ship manoeuvres. In reality, ships are nonlinear time variant systems. A change in speed, mass loading and variations in the environmental disturbances will alter the dynamic characteristics of the ship and so a corresponding modification of the control strategy of the autopilot would be required to compensate.
INTELLIGENT AUTOPILOT STRAT-EGY

Learning Architecture
The block diagram of a typical feedback control system consists of a plant block and a controller block. The controller block maps the plant state into a control action that should achieve a given control objective. In a feedback control system the plant block gives the plant state ) (t X through appropriate equipment. The controller block is usually a static function denoted by ) (⋅ g ; it maps the plant state ) (t X into a continuous control action ) (t u that should achieve a given control objective. Fig.2 illustrates a general feedback control system in a discrete time domain. In this case ) (k X and ) (k u indicate value of X and u at the kth time interval. Fig. 2 The diagram for a discrete-time feedback neurofuzzy control system
The plant and the feedback controller are denoted by the following equation:
A central problem in feedback control system is to find the control action u as a function of the plant output X in order to achieve a given control goal. To obtain a desired control action there is an inverse 'general learning' control method based on off-line training. In the learning phase, a training set is obtained by generating inputs ) (k u at random, and observing the corresponding outputs of ship state ) (k X . The major problem with the general learning architecture is:
The network error is minimized instead of the overall system error. The minimization of the error
This approach could suffer serious problem of robustness. For those nonlinear systems for which inverses can be identified, it is likely that the identification process will have provided a locally converged solution rather than an absolutely converged solution. This may be due to the limited or uncompleted data used in the training process. The first objection may be overcome by using the specialized learning architecture illustrated in Fig.3 . In this case system error, not network error, is to be minimized. Fig.3 The diagram for specialized learning architecture of intelligent controller
For the specialized learning architecture the network is trained to find the plant input that drives the system output to the desired task. This is accomplished by using the error between the desired and actual responses of the plant to adjust the weights of the network using a steepest descent procedure; during each iteration the weights are adjusted to maximally decrease the error. This procedure requires knowledge of the Jacobian of the plant. This architecture can be trained on-line, thus fine-tuning itself while actually performing useful work. In the remainder of this paper the specialized learning is used to deal with the autopilot problem.
The Neurofuzzy Controller
Ship motion control is a highly nonlinear process involving various levels of uncertainty. These uncertainties are primarily due to the unpredictability of the environment, that is, lack of full knowledge of the environment characteristics and dynamics. During the past few decades, fuzzy control has been successfully applied in many practical areas. Fuzzy systems have proven to be superior in performance to some conventional systems, especially where the plants are poorly modelled or have nonlinear dynamics. Most of the time, the controller being mimicked is an experienced human operator who can readily control the plant. Fuzzy logic methods provide an efficient way to cope with uncertainties and to encode and approximate numerical functions.
Although Fuzzy logic provides a feasible control method, the performance of fuzzy logic relies on two important factors: the soundness of the knowledge acquisition techniques and the availability of domain experts [7] . These two factors substantially restrict the application domains of fuzzy logic. This means that fuzzy logic systems consist of interpretable linguistic rules, but they cannot learn. The majority of fuzzy systems developed so far are static and are designed in an iterative open-loop fashion. Usually, the designer specifies a fuzzy rule base, and then enters an evaluation/editing design loop. Both the performance measures and adaptation strategies are subjective. In addition, if the plant dynamics and the environment change, then the performance of well-designed fuzzy systems will degrade. Therefore, an automatic learning algorithm needs to be developed for on-line adjustment of the rule bases of fuzzy systems in response to variations of operating conditions. Hence learning algorithms are used in the domain of neural networks to create fuzzy logic control from data. A closed-loop feedback controller is proposed.
Input and Output of the Intelligent Autopilot System
The conventional autopilot system is a single-input single-output (SISO) control system. The heading (yaw angle) of the ship is measured by a gyrocompass. Today this signal is fed back to a computer in which a PID control system (autopilot) is implemented in software. The autopilot compares the pilot set-point (desired heading) with the measured heading and computes the rudder command. This is transmitted to the rudder servo for corrective action. Hence, only one actuator (rudder) is needed to control the yaw mode. This is illustrated in Fig.4 . The purpose of the controller is to change the heading of the ship by manipulating the rudder and hence to change the position of the ship. However, the inertia of a ship, with the size to be considered, is not able to follow these changes instantaneously. Thus the resulting heading change will be more gradual and provide a trajectory that is governed by the dynamics of the ship. To design a robust controller for a nonlinear system, input-state linearization is needed. During course-keeping, the task of the helmsman is to reduce the course error quickly with the minimum of over-shoot and with an acceptable rate of turn. For a course-keeping system, the input vector of the intelligent control system is heading error ψ Δ and yaw rate error r Δ , the output of the intelligent controller is rudder angle δ . A track-keeping system can be designed by simply adding feedback from the sway position in an outer loop [8] . So the input vector for track-keeping is the difference between track error and desired track error ε Δ , heading error ψ Δ and yaw rate error r Δ . The output is rudder angle δ .
INTELLIGENT SHIP COURSE-KEEP-ING
For course-keeping the autopilot must maintain the desired preset course with minimal deviation using the rudder. Using directional information taken from a gyrocompass, the autopilot is able to steer a ship on a predetermined course. The control objective for a course-keeping autopilot can be expressed as:
In this case , (see Fig. 5 ). Fig.5 The desired course that depends on the way points Zhuo proposed a neurofuzzy controller on an on-line ship course-keeping task [9] . The simulation results show that the method proposed can control ship course-keeping quite well even under environmental disturbances. The intelligent control approach is independent of the ship mathematical model.
INTELLIGENT SHIP TRACK-KEEP-ING
With additional navigational aids such as Global Positioning System (GPS) and Electronic Chart Display and Information System (ECDIS) installed on board, the accuracy and reliability of ship position measurements has increased. It is therefore feasible to design an intelligent track-keeping guidance system for the ship autopilot. Hearn et al. present an on-line trained neural network controller for ship track-keeping problems [10] . Jasmin et al. developed an adaptive fuzzy gain autopilot for ship track-keeping that provides an on-line modification of the scaling factors for each variable [11] . Mcgookin et al. used genetic algorithm to study the optimisation of non-linear control systems [12] . Here a neurofuzzy track-keeping control is described.
Fuzzy Inference System (FIS)
Fuzzy inference is the process of formulating the mapping from a given input to an output using fuzzy logic. The mapping then provides a basis from which decisions can be made, or patterns discerned. The process of fuzzy inference involves selection of membership functions, fuzzy logic operators and if-then rules. The process for constructing a fuzzy inference system is usually called fuzzy modelling. The domain knowledge (incorporating human expertise) can guide the learning process to an initial point in the parameter space that is not too far from the optimal one, whereas the learning can fine-tune the domain knowledge to achieve a better performance. By using domain knowledge for structure determination, the initial membership functions for heading error ψ Δ , track error ε Δ and yaw rate error r Δ are set first.
The form of the if-then rule base is generalized as follows: 
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Architecture of the proposed Neurofuzzy
The proposed neurofuzzy control system is demonstrated in Fig.6 . 
On-line Self-learning algorithm
On-line learning is concerned with identification of parameters from learning data as the system operates even though that data might exist only for a short time. There are two reasons for applying on-line identification. First, a relatively simple (e.g. linear) model may be used that is capable of describing the process behaviour over a small operating time interval. The need for on-line adaptation then emerges from the nonlinearities of the process that are not represented by the model. The second reason for on-line adaptation is the time-variant behaviour of the process. This problem exists equally for both linear and nonlinear models. Here neurofuzzy implies that the back-propagation gradient descent method for updating consequent parameters ( l u , l q , l s and l t ) of Sugeno-type fuzzy inference systems and membership function parameters ( i i b a , and i c ) to emulate a given training data set.
The parameters are undated after each data presentation due to the on-line learning paradigm. In other words, there is only one epoch during each parameter update. The error function is defined as:
where k ψ is ship heading at k time step, 
is used to train the neurofuzzy network in order to minimize the error k E defined by Equation (9) . i p is the parameter needing to be updated. α is the momentum term that can increase the convergence rate. η is the learning-rate. To update the parameters in 
Under general control calculations the plant Jacobian
would need the exact mathematical expression of the ship dynamics. However, within the intelligent controller design it is recognised that the plant function is unknown form. In this work the sign of the plant Jacobian is employed. This approach has been used in the work of Saerens et al. [13] and Zhang et al. [14] . For the ship track-keeping problem, it is obvious that an positive increase of rudder k δ will increase the tracking error k ε , the ship heading k ψ and the ship yaw rate k r . Therefore, it is natural to de-
so that Equation (10) is modified to the form ) ( ) ( ) ( . To demonstrate the on-line self-learning control system for intelligent autopilot, a general cargo ship of length 126.0m and width 20.8m is used as a model ship. The speed of the ship is 11.7 knots. The time step is 1 second, meaning that the parameters of the neurofuzzy network are updated within a second. When the step size K is 0.01 and the momentum term α is 0.5. Fig.7 shows the course-keeping performance under environmental disturbances using neurofuzzy controller. The current speed is 1.0 knots and its direction is 160º. The wind speed is 3 m/s and its direction is 30º. Due to the environmental disturbances the ship divers from the track, but the controller still fulfill their task well. Fig.7 The course-keeping performance A straight line route is used to test the track-keeping performance of the neurofuzzy controller. Here =0.5 is used. To judge how well the neurofuzzy controller performs, a neural controller similar to that investigated by Zhang et.al. [14] , is used to perform the same track-keeping tasks under the same conditions. Fig.8 shows the performances of track-keeping subject to environmental disturbances using neural controllers. Fig.9 shows the performances of track-keeping subject to environmental disturbances using neurofuzzy controllers. The assumed current speed is 1.5 knots and its direction is 040 o . The wind speed is 3 m/s and its direction is 160 o .The initial condition of the corresponds to a track error of 20 metres, a zero ship heading and a zero yaw rate. Fig.8 The track-keeping performance by neural controller Fig.9 The track-keeping performance by neurofuzzy controller
CONCLUSION
It has been demonstrated that the ship can be controlled to perform course-keeping and track-keeping well on a given task subject to environmental disturbances using a neurofuzzy controller. The proposed specialized control strategy avoids the need for a 'teacher' or an off-line training process. Together with the self-learning ability of the network, the controller copes well with different autopilot tasks. Despite the inertial effects of the ship upon the responses of the ship to rudder change and there being only one epoch during each time step, the on-line training can update the network parameters properly and sufficiently quickly to bring about early control. The controller combines a fuzzy inference system that includes human experiences and a back-propagation based neural network that fine-tunes the domain knowledge for achieving a better performance. Comparing the performances of track-keeping by the neural network and the neurofuzzy controller on the straight line route, it
shows that the neurofuzzy controller is superior in terms of track error, yaw rate error and reduced application of rudder.
The modern ship is a large complex vehicle that must be self-sustaining for long periods with a high degree of reliability. Ship autopilot control in narrow water is an equally complex and nonlinear process with uncertain characteristics. Even though conventional ship control does depend on ship manoeuvring models, it is difficult to use a mathematical model to describe such complex systems precisely. Intelligent control can be developed independently of the ship model selected. This is a significant reason to apply intelligent controllers in ship autopilot in narrow water.
